Combinatorial libraries continue to play a key role in drug discovery. To increase structural diversity, several experimental methods have been developed. However, limited efforts have been performed so far to quantify the diversity of the broadly used diversity-oriented synthetic ( 
INTRODUCTION
Synthetic combinatorial methods have advanced the ability to synthesize and screen large numbers of compounds because of improvements made in technology, instrumentation, and library design strategies (1). Combinatorial chemistry combined with high throughput and other screening methodologies continues to play a key role in drug discovery (1-3). A very successful synthetic method is the "Libraries from Libraries' (LoL) approach (4). This concept is based on the use of well-established solid-phase synthesis methods for the generation of combinatorial libraries combined with the chemical transformation of such libraries. The chemical libraries that are generated by this process have very different physical, chemical, and biological properties compared to the libraries from which they were derived (4). As such, LoLs can be regarded as a diversity-oriented synthetic (DOS) approach (5, 6), where multiple scaffolds are generated from the same starting material. Increasing skeletal diversity is known to be a very efficient way to increase structural diversity (7). As opposed to high-throughput screening, where often a large number of compounds with different scaffolds are screened, LoL explores the bioactivity space around each scaffold of interest in much more detail, by using a large number of diversity appendages on every scaffold.
A number of small molecule libraries have been prepared in our group using the LoL approach. It is well accepted that the structural diversity of LoLs improves upon the diversity of other combinatorial libraries, where the "multidimensional diversity" regarding both scaffold and appendages is often one of the key contributing factors. However, characterizing the diversity is not an easy task, and efforts have been pursued in this regard. One example is in the work of Spandl et al. (7) in which the importance of skeletal diversity was stressed. Previously, circular fingerprints have been used to assess diversity of compound collections (9). While in this work overall good discrimination between DOS and target-oriented synthesis (TOS) libraries could be observed, the question of how to normalize for library size could not be answered completely -smaller libraries often assessed were more diverse, since larger where LoLA-C are the three libraries from libraries considered in this study. Figure 1A shows the bisheterocyclic LoLA that includes bis-cyclic diketopiperazines A1, bis-cyclic piperazines A2, bis-cyclic guanidines A3, bis-cyclic ureas A4 and bis-cyclic thioureas A5 (8, 11, 12) . LoLB ( Figure 1B ) is composed of bis-cyclic diketopiperazines B1, bis-cyclic piperazines B2, bis-cyclic guanidines B3, biscyclic ureas B4 and bis-cyclic thioureas B5 (8, 13). LoLC ( Figure 1C ) includes different pentaamines and pyrrolidine bis-heterocyclic libraries, such as pyrrolidine bis-diketopiperazine C1, pyrrolidine bispiperazine C2, pyrrolidine bis-cyclic guanidines C3, pentaamine C4 and pyrrolidine bis-cyclic thiourea C5 (14) . To note, libraries with the core scaffolds of LoLC and LoLB were screened in a -opioid receptor binding assay (1). The most active libraries had the scaffolds of B3 and C3 (1) and several compounds of C3 had a K i lower than 100 nM (1). Combinatorial libraries with the core scaffold of LoLC were recently screened for antitubercular activity leading to compounds with 90-100% inhibition against M. tuberculosis at concentrations less than 6.25 g/mL (14) .
Libraries A1-A5 and B1-B5 have three diversity positions, and C1-C5 have four diversity positions.
To enumerate libraries A1-A5 and B1-B5, we used ten amino acids or carboxylic acids as building blocks for each diversity position. Thus, the size of each individual combinatorial library was 10 x 10 x 10 = 1,000 compounds; hence LoLA and LoLB contained 5,000 structures each. In order to measure the effect of each core template in the diversity, the same set of ten amino acids or carboxylic acids was considered for each library. To enumerate C1-C5, we selected six amino acids and five carboxylic acids from the pool of the ten building blocks used in the libraries above. Thus, the size of each library C1-C5 was 6 x 6
x 6 x 5 = 1,080 compounds, and LoLC contained 5,400 structures. A complete list of the building blocks used to enumerate the libraries is in Table S1 of the Supporting information. In order to compare the diversity across different libraries, we considered approximately the same library size; i.e., 1,000 -1,080
compounds. In addition, it has been reported that data sets of 1,000 molecules are representative samples to study the structural diversity of combinatorial and other libraries (15, 16) . The combinatorial libraries were enumerated using the QuaSAR-CombiDesign module of the Molecular Operating Environment Comparison metrics. Compound collections were analyzed based on structural fingerprints and molecular properties. Similarity values were computed using the 2D fingerprints MACCS keys (21) (166 bits), graph-based three point pharmacophores (GpiDAPH3), typed graph distances (TGD) implemented in MOE, and radial fingerprints (equivalent to ECFP4) implemented in Canvas (22) . In addition, we used the 3D fingerprint spatial three-point pharmacophore (piDAPH3) from MOE, calculated from the structures geometrically optimized using the MMFF94x force field implemented in MOE. The Tanimoto coefficient (23, 24) was used as the similarity measure for all fingerprints.
Intra-library similarity. Pairwise similarities were computed for each combinatorial library. The distribution of similarities was analyzed by means of cumulative distribution function (CDF) curves.
Inter-library similarity. LoLs were compared to each other computing the pairwise structural similarity.
To this end, we employed random samples of 300 compounds per library so that each LoL contained 1,500 members (25). The pairwise similarities were analyzed using CDF curves and multi-fusion similarity (MFS) maps. The MFS map is a method developed recently for the visual characterization and comparison of compound databases and is based on data-fusion similarity measures. The fusion data are plotted in two dimensions, where the ordinate represents the maximum-fusion values and the abscissa the mean-fusion values. Each point in the map is associated with a specific molecule in the test set, and its position is determined by the corresponding fusion values computed with respect to the molecules in the reference set (26). The MFS maps can be characterized quantitatively by the corresponding distributions of the max-and mean-fusion values (27). This approach has been employed to explore structure-activity relationships of compounds data sets (28) and to compare combinatorial libraries (16, 27, 29) .
Comparison with external compound collections. The 15 libraries, with 1,000 (A1-A5, B1-B5) and 1,080 (C1-C5) molecules each, were compared with a collection of drugs, the NCI Diversity set and the Molecular Libraries Small Molecule Repository (MLSMR) using MACCS keys, GpiDAPH3, TGD and piDAPH3 fingerprints. We employed MFS maps (setting the external compound collections as the reference sets) and Latent Trait Mapping (LTM) plots. LTM is a dimensionality reduction technique that is specially designed to visualize discrete data (30). It defines a function (or mapping) from the original data space to a lower-dimension (usually 2D) visualization space. Because the mapping is non-linear, it often provides a more informative visualization than either plotting pairs of the original variables (such as MFS maps) or linear maps (such as PCA). The price to pay for the greater insight is that there is no interpretation of the axes on the visualization plot.
Molecular properties and property space. The following properties were computed with MOE molecular weight (MW), number of rotatable bonds (RB), hydrogen bond acceptors (HBA), hydrogen bond donors (HBD), topological polar surface area (TPSA), and the octanol/water partition coefficient (SlogP). To obtain a visual representation of the property space (27), PCA was carried out in Spotfire 9.1.2 (31) considering the six molecular properties and plotting the first two principal components. suggest that MACCS keys could focus only on the discriminant features but neglect other relevant chemistry. However, we obtained similar conclusions using other structural representations including TGD, GpiDAPH, radial and piDAPH3 fingerprints (see below). Figure 3 shows the heat maps of similarity matrices of the 15 combinatorial libraries calculated with MACCS, TGD, GpiDAPH, radial and piDAPH3 fingerprints. Each map visualizes 1,500 x 1,500 = 2,250,000 pairwise comparisons and is color-coded by similarity value using a continuous scale from green (low similarity value) to red (high similarity value). The name of the individual libraries and LoLs are indicated in the figure. Each map can be divided into 15 x 15 = 225 "minor" regions or squares that correspond to the pairwise comparison of all 15 libraries. The maps can also be divided into 3 x 3 = 9 "major" regions that are associated with the cross-comparisons of LoLA, LoLB and LoLC. The minor or major regions along the main diagonals starting from the top-left correspond to the self-library comparisons. The maps help to visually inspect the similarity between individual libraries that belong to the same LoL as well as to different LoLs. In general, in this study most of the similarity values computed with radial fingerprints were close to zero. TGD, piDAPH3 and GpiDAPH3 showed comparable similarity relationships among databases although with different scales; similarity values calculated with TGD were higher than the similarities calculated with piDAPH3 and GpiDAPH3. Noteworthy, the pharmacophoric fingerprints, TGD, piDAPH3 and GpiDAPH3, were unable to distinguish the pair of libraries A4-A5 or B4-B5. This is because the difference in the central scaffold of these libraries is an oxygen (A4-B4) or sulphur atom (A5-B5) that are treated as equal by TGD, piDAPH3 and GpiDAPH3.
RESULTS AND DISCUSSION

Intra-library diversity
Inter-library diversity
MACCS keys provided very insightful results and were able to distinguish all libraries; therefore, we will mainly focus on MACCS keys to discuss the inter-library similarity. for library A2 is shifted towards higher values than the corresponding curve for A4 indicating that the nearest neighbors of A2 in DrugBank are closer that the nearest neighbors for A4. However, the CDF of the mean-fusion values for library A4 is shifted towards higher values indicating that, on average, A4 is more similar to drugs than A2. These observations highlight the importance of considering more than one metric for a complete assessment of the relationship between compound collections. Figure 6B shows the MFS maps and CDFs for libraries B1-B5. According to the MFS map B1, a biscyclic diketopiperazine library (related to A1), is structurally more similar to drugs as compared to other libraries within LoLB. Library B5, a bis-cyclic thiourea (related to A5), is the less similar to drugs. Similar conclusions can be derived from the CDFs. The CDFs of the maximum-and mean-fusion values for B2 and B4, respectively, indicate that while B2 has closer nearest neighbors in the collections of drugs, B4 is on average more similar to drugs. Figure 6C shows the MFS maps and CDFs for C1-C5
Structural comparison with external data sets
indicating that the pyrrolidine bis-cyclic thioureas C5 are the less structurally similar to drugs. According to the MFS map and CDF of the mean-fusion values, pyrrolidine bis-cyclic diketopiperazines C1 are more similar to drugs as compared to other libraries within LoLC. To note, the CDF for the maximumfusion values indicates that C1 and C2 have a similar nearest-neighbor relationships to drugs; however, C1 is on average structurally more similar to drugs than C2. We also analyzed the structural relationship between LoLs and NCI diversity using the MFS maps and CDFs using MACCS keys (plots not shown). Similar to the comparison with drugs, the combinatorial libraries showed a different structural relationship to NCI diversity. It was also concluded that there are no identical molecules between NCI Diversity and any combinatorial library. Moreover, most of the compounds in any combinatorial library have maximum MACCS keys similarity of 0.80. Lower similarity values were computed with other fingerprint representations (see below).
Since the chemical space depends on the molecular representation (37), we investigated the structural relationship of the LoLs to drugs, NCI diversity and MLSMR using TGD, GpiDAPH3 and piDAPH3 fingerprints. For MLSMR, a subset of 3,000 compounds was selected at random. The maximum-and mean-fusion values (Table S4 of Table S2 of the Supporting information. The three important molecular properties of size, flexibility and molecular polarity are described by MW; RB; and SlogP, TPSA, HBA and HBD, respectively. The six descriptors used here have been used to compare the property space covered by a virtual collection and reference databases (38) and other combinatorial libraries (16) . According to Table   1 and Table S2 of the Supporting information, each LoL has a wider distribution of molecular properties than their corresponding individual libraries as reflected by the larger standard deviation and range for most of the properties. Since all of the combinatorial libraries within a LoL contain the same number of diversity positions, identical side chain functionalities at each diversity position, and the same number of compounds with the library (see above), the variation in the properties within a LoL is due to the central scaffold. These results further demonstrate the observation that increasing skeletal diversity is a very efficient way to increase not only the structural diversity (7), but also property diversity. Table 1 here   According to Table 1 In order to generate a visual representation of the property space, the six molecular properties were subjected to PCA after Z-scaling. Figure 8 depicts an approximation of the property space as defined by these properties. The first two principal components (PC) with eigenvalues 2.172 and 2.071, respectively, Table 2 summarizes the corresponding loadings and eigenvalues for the six PCs. For the first PC, the larger loadings correspond to MW followed by RB. For the second PC, the largest loading corresponds to HBD followed by TPSA, whereas for the third PC, the largest loading We also compared the property space of the LoLs with MLSMR using the same random subset employed in the structural study (42). A visualization of the property space is depicted in Figure S2 . (The corresponding loadings and eigenvalues are summarized in Table S5 of the Supporting information). We concluded that LoLA, LoLB and LoLC not only occupy part of the property space of MLSMR but also sparse regions.
Property Diversity
The major focus of this study was to demonstrate quantitatively the increased diversity of the combinatorial libraries generated with the LoL approach. To this end, we considered a standard set of The most suitable core scaffold(s) for a particular target family can be explored using computer-aided target fishing approaches (46, 47) and in-silico "scaffold ranking" (1) to identify the most promising core scaffolds for a particular target or target family before synthesis.
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Figure S1 Non-symmetry in nearest neighbor relationships. If molecule "m" in a compound collection "M" is the nearest neighbor of molecule "n" in a second compound collection "N", this does not necessarily mean that molecule "n" is the nearest neighbor of "m". 
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